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Abstract—Vehicle-to-vehicle (V2V) communications have re-
ceived a lot of attention due to its numerous applications in
traffic safety. The design, testing, and improvement of the V2V
system hinges critically on the understanding of the propagation
channels. An important feature of the V2V channel is the time-
variance. To statistically model the time-variant V2V channels,
a dynamic wideband directional channel model is proposed in
this paper, based on measurements conducted at 5.3 GHz in
suburban, urban, and underground parking environments. The
model incorporates both angular and delay domain properties as
well as the dynamic evolution of multipath components (MPCs).
The correlation matrix distance is used to determine the size of
local wide-sense stationary (WSS) region. Within each WSS time
window, MPCs are extracted using the Bartlett beamformer. A
multipath distance-based tracking algorithm is used to identify
the “birth” and “death” of such paths over different stationarity
regions, and the lifetime of MPC is modeled with a truncated
Gaussian distribution. Distributions for the number of multipaths
and their positions are statistically modeled. Within each path
lifetime, the initial power is found to depend on the excess delay,
and a linear polynomial function is used to model the variations
within the lifetime. In addition, a Nakagami distribution is
suggested to describe the fading behavior. Finally, the model
implementation is validated by comparison of second-order
statistics between measurements and simulations.
Index Terms—Antenna arrays, dynamic model, MPC lifetime,
MPC tracking, propagation, vehicle-to-vehicle communications.
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CHANNEL modeling has been an important researchtopic in wireless communications, since the performance
of any practical system is determined by the channel. In
general, wireless channels are time variant, which gives rise to
considerable theoretical challenges to channel characterization.
Fortunately, most wireless channels can be classified as wide-
sense stationary (WSS) [2]. However, practical channels never
exactly satisfy the WSS assumption due to the motions of
transmitter (Tx) and receiver (Rx), and changes of surround-
ing scatterers. Especially in those environments with a large
number of dynamic scatterers, as is the case for vehicle-to-
vehicle (V2V) channels, this time-variant behavior should be
carefully incorporated in channel modeling.
V2V channel modeling has gained much interest in the
last few years because of the potential applications in the
Intelligent Transportation Systems. The motions of Tx and
Rx in V2V environments introduce both small- and large-
scale variations in the received signal, and thus results in
time-variant channels. Since deterministic simulations usually
require a large computational effort, creating an exact dynamic
environments to incorporate time-variant behavior is not feasi-
ble [3]. Therefore, statistical models, which have the advantage
of reduced simulation times, have been widely adopted. Even
though many statistical channel models have been developed
for V2V communications [4]–[6], most papers do not model
the dynamic variations of multipath statistics over different
WSS regions. A static channel model with constant parameter
settings is insufficient to realistically model the time-variant
V2V channels, and [7] shows that the assumption of WSS
leads to (erroneous) optimistic bit error rate in single-carrier
and multi-carrier system simulations. Currently, there lacks de-
tailed characterization of dynamic channel parameters such as
fluctuations of the number of multipath components (MPCs),
lifetimes of MPCs, appearance and disappearance behaviors of
MPCs, etc. Even though some recent papers have investigated
the time-variant V2V channels, those papers either focus on
the characterization of the size of local WSS region and do not
present the dynamic channel modeling [8], [9], or consider the
channel statistics of MPC to be constant within the lifetime
and do not analyze the angular domain variations [10], [11].
To the best of the authors’ knowledge, the complete dynamic
behaviors of MPCs, have not been well characterized in V2V
environments.
The literature on dynamic channel models, that is, channel
models with time-varying parameters, is relatively scarce, and
is mostly for non-V2V environments. In [12], a dynamic
indoor directional-channel simulator is proposed using a two-
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state semi-Markov model. In [13], a measurement-based dy-
namic indoor channel model is proposed based on a 4-state
Markov process. In [14], a dynamic temporal domain model
is proposed in indoor environment. In [15], a geometrically-
based statistical model is proposed and dynamic behaviors
of MPCs are modeled. In [16], a time-variant channel mod-
el, combined with the geometry-based stochastic model, is
proposed for indoor positioning. In [17], [18], the theory of
spatial point processes is employed to analytically describe
birth-death dynamics of time-variant radio channels. Above
overview shows that the dynamic channel modeling has been
mostly performed in indoor environments. Compared with the
V2V channels, the indoor channels have fewer dynamic scat-
terers, which makes it easier to track the dynamic variations of
MPCs [19]. While these works might not be readily scalable
to V2V environments, they provide some insight into dynamic
channel modeling.
In our previous work [1], the dynamic behaviors of MPCs
are briefly analyzed. In this paper, we propose an empirical
dynamic V2V model, which characterizes angular and delay
properties as well as dynamic evolution of MPCs as the Tx
and Rx move. The number of MPCs, lifetimes, positions (delay
and angle), and dynamic variations within their lifetimes are
statistically modeled. The proposed model shows insight into
the dynamic behaviors of MPCs in V2V environments, which
improves the understanding of time-variant V2V channels, and
provides a more realistic simulation model for performance
evaluation.
The remainder of the paper is organized as follows. Section
II proposes the dynamic channel model. Section III introduces
measurement campaign for the model parameterization. Sec-
tion IV describes data processing techniques to extract and
track MPCs. Section V shows the model parameters. Section
VI presents model implementation and validation. Finally,
Section VII concludes the paper.
II. DYNAMIC CHANNEL MODEL
To incorporates the time-variant characteristics of V2V
channels, we propose a new dynamic tapped-delay-angle-
line model in this section. The directional channel impulse
response can be expressed as
h(ti; l(ti); l(ti)) =
N(ti)P
l=1
al(ti)e
j'l   (   l(ti))   (  l(ti)); (1)
where () is the Dirac delta function; N(ti) is number of
MPCs; al(ti), l(ti), and l(ti) are amplitude, delay, and
angle1 of the lth MPC at time ti. In (1), N(ti), al(ti), l(ti),
and l(ti) are time-variant; 'l is the phase and is assumed to
be uniformly distributed over the range of [0; 360].
For the time-variant V2V channels, the behavior of each
MPC changes over time. Owing to Rx and Tx motion as well
as dynamic scatterers, each MPC could randomly appear at
a certain time instant and vanish at another time instant; and
1Here we only consider azimuth angle of arrival. The reason is presented
in the next section.
within its lifetime, the amplitude, delay, and angle are all time-
variant. For convenience, we define three sets of MPCs in (1):
 Li!i is the set of MPCs that are firstly observed at time
ti, whose index of path is li!i = 1; 2;    ; N(ti!i).
 Lj!i is the set of MPCs that are firstly observed at time
tj (where 0 < j < i) and still exist at time ti, whose
index of path is lj!i = 1; 2;    ; N(tj!i).
 Li is the set of all the MPCs that exist at time ti, i.e.,
Li = L1!i [ L2!i [    Lj!i [    Li 1!i [ Li!i.
By identifying and tracking MPCs in all sets of Li!i and
Lj!i, the directional channel impulse response at time ti
can be reconstructed, and the time-variant characteristics are
automatically incorporated. Eq. (1) can thus be expressed as
h(ti; (ti); (ti)) =
i 1P
j=1
N(tj!i)P
lj!i=1
[alj!i(ti)e
j'lj!i
      lj!i(ti)      lj!i(ti)]
+
N(ti!i)P
li!i=1
[ali!i(ti)e
j'li!i
  (   li!i(ti))   (  li!i(ti))]
; (2)
where
N(ti) = N(ti!i) +
i 1X
j=1
N(tj!i): (3)
The first term on the right side of Eq. (2) represents the MPCs
that have been observed before time ti, i.e., old MPCs2; and
the second term of Eq. (2) represents the MPCs that are firstly
observed at time ti, i.e., new MPCs. The approach of the
dynamic channel modeling is to incorporate the “birth” and
“death” evolutions of MPCs at any time instant. By modeling
the dynamic evolutions of new and old MPCs, respectively,
the model can generate the dynamic impulse response at any
time. Note that we ignore the cases where MPCs re-appear
after they have vanished. When a MPC vanishes, its lifetime
ends. This assumption simplifies the channel modeling and
does not significantly affect the model accuracy [20].
For time-variant V2V channels, parameters in (1) and (2)
are randomly time-varying functions. To statistically model
them, a local WSS region (i.e., a WSS time window) W
should be defined3, so that the statistics of parameters can
be characterized statistically within each WSS time window
[21]–[23] and the channel modeling becomes physically mean-
ingful. Note that based on the description of (2), MPC lifetime
is usually larger than the size of W , i.e., one MPC can exist
in multiple consecutive WSS regions. Therefore, the MPC can
be characterized in terms of how many WSS windows are
spanned over its lifetime. This also implies that the dynamic
evolution of each MPC over different WSS regions must be
included in our channel modeling. To this end, we use two
2Note that the old MPCs can be further divided into two subcategories: (i)
the MPCs whose lives continue into the following time instant; and (ii) the
MPCs whose lives end in the particular time instant of ti. By assigning an
initial lifetime to each new MPC, the evolutions of above two subcategories
of MPCs can be incorporated into the dynamic model.
3In this paper, the local WSS region means that the statistics of the channel
within each WSS time window are similar enough so that the statistics can
be approximately considered to be stationary.
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Fig. 1. Example results from suburban measurements. (a) AOA-delay spectrum in dB. (b) Detected MPCs. A larger size of the circle depicts a higher power
carried by MPC.
distinct time scales to describe each MPC over its lifetime:
 large-scale variations: MPC average power, angle and
delay are indexed by the WSS window index; this means
that these values remain fixed within a WSS window and
then change from one WSS window to the next one,
 small-scale variations: MPC instantaneous power follows
a given fading distribution within each WSS window,
whereas angle and delay remain fixed over small-scale
durations.
To summarize, in the proposed model, we statistically model
the following parameters:
 the size of MPC lifetime in terms of WSS windows,
 the number of the newly observed MPCs in each WSS
time window,
 the initial power, angle and delay of the newly observed
MPCs in each WSS time window,
 the dynamic evolution of power/delay/angle of each MPC
over different WSS regions within the MPC lifetime,
 the MPC small-scale fading in each WSS time window.
With statistical models of the above parameters, a dynamic
model can be developed to simulate time-variant channels.
III. MEASUREMENT
In this section, we describe the V2V measurement campaign
that serves as the basis for the model parameterization. We
only give a brief summary; detailed descriptions can be found
in [24].
A. Measurement system
Measurements were conducted with the Aalto channel
sounder [25] at 5.3 GHz and a bandwidth of 60 MHz, which
is close to the 5.9 GHz V2V band. The difference between
5.3 GHz and 5.9 GHz is 11% (=0.6/5.3), so their propagation
channel characteristics do not change much. Since we do not
have measurements at the two frequencies in the considered
V2V scenario, we cannot quantify the difference. However,
other measurements using the ultrawideband signal show that
the path loss exponent has a variation of less than 15%
over 1 GHz bandwidth [26] and the delay spread has less
than 10% variation over 8 GHz bandwidth [27]. We could
regard these values as an uncertainty of the estimated model
parameters at 5.3 GHz, when the goal is to estimate parameter
values at 5.9 GHz. This is also the same assumption behind
WINNER [28] and COST [29] standard models which can
be used between 2 GHz and 6 GHz. The sampling frequency
is 120 MHz and snapshot interval trep = 15 ms. We used
a dual-polarized semi-spherical antenna array at Rx side,
which consists of 15 dual-polarized elements (i.e. 30 feeds).
A Uniform Linear Array (ULA) with 4 vertically polarized
antennas was used at Tx side. Therefore, the MIMO channel
matrix is NRx  NTx = 30  4, where NTx and NRx are
numbers of Tx and Rx antennas.
B. Environment
Measurements were conducted in three scenarios in Finland:
 Suburban: It consists of small detached houses and an
average tree density of roughly 5 m high. Measurements
were conduced in 14 different routes in suburban, with
63700 snapshots (i.e., MIMO channel matrices) in total.
 Urban: It is in the city center of Tapiola, Finland, which
consists of three to four-storey buildings on both sides
of two-lane streets. Measurements were conducted in 2
different routes in suburban, with 7700 snapshots in total.
 Underground parking: It is under the ground of Tapiola
city center, with rich scatterers due to the tunnel-like
structure. Measurements were conducted in 3 different
routes in suburban, with 12000 snapshots in total.
Measurements were conducted with two compact cars (driving
in the same direction) under line-of-sight (LOS) conditions.
IV. DATA PROCESSING
A. MPC Identification
To perform the above statistical channel modeling, the
information of each MPC (e.g., al, l, and l) need to be
extracted. In this paper, the Bartlett beamformer is used, which
has reasonable accuracy and low computational complexity
when using a large antenna array [30]. We only consider
azimuth-of-arrival (AOA) domain because: i) the number of
Tx antennas is small, which limits resolution of the analysis
on azimuth-of-departure (AOD) domain; ii) in our scenarios,
the distribution of scatterers does not change significantly on
elevation domain4. The power-angular-delay-profile (PADP)
(averaged over the s-th WSS time window5) of Bartlett beam-
former is expressed as
Ph(ts; s; s) = 
H(s) R(ts; s) (s) ; (4)
4The estimated angle of elevation remains almost always around 90 degrees,
i.e. in the horizontal plane (parallel to the ground surface).
5In this paper, i and j represent indices of instantaneous snapshots as in
Eq. (1); whereas s in Eq. (4) represents index of WSS time windows.
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where ()H denotes hermitian transpose; s is angle of az-
imuth; (s) is the steering vector, which is defined as the
projection of array manifold onto polarization direction of the
incident signal [31], [32]. We only consider co-polarization
case to better identify MPCs from spatial spectrum. Within
the s-th WSS region, at time ti, let us defineW as
W(ti; i) =
1
(NTx)
2

NTxP
nT=1
h(nT; ti; i)

NTxP
nT=1
h(nT; ti; i)
H
;
(5)
where time ti is within the s-th WSS time window, and
h(nT; ti; i) is the impulse response vector at Rx side for the
nTth Tx antenna. The correlation matrix R is expressed as
R(ts; s) = [[W(ti; i)]] ; (6)
where [[]] operator averages the inner term over time within
the s-th WSS region.
By identifying the peaks in the estimated spatial spectrum
(averaged over each WSS region), AOA and delay of MPCs
are obtained. For each delay bin, MPCs are detected with a
peak search along spatial spectrum, one by one accordingly
to their amplitudes. Only those peaks separated from the
previously detected peak by more than 30 degrees are detected,
since the azimuth resolution is approximately 26 degrees [25].
A cutoff threshold of 20 dB below the strongest peak was
applied in the peak search, together with a threshold of 6 dB
plus noise floor, to ensure that only the effective MPCs are
detected since the noise free range of the sounder is 20 dB.
Fig. 1(a) shows an example plot of the estimated Ph in
suburban areas, where the power is normalized so that the
maximum value of spectrum equals to 0 dB. An azimuth of
0 degree means that the MPC comes from the front of Rx.
Fig. 1(b) shows the detected MPCs from the spectrum using
the method above. A total of 8 MPCs are detected, and the
LOS component is around 240 ns with a AOA of 2 degrees. A
visual comparison between Fig. 1(a) and (b) clearly shows that
the important MPCs are successfully detected. In this paper,
we do not introduce “clusters” for two reasons: (i) We fail to
detect a large number of MPCs from the peak search of the
Bartlett spectrum, as shown in Fig. 1(b). It is thus difficult to
cluster the small number of MPCs with distinct delays and
AOAs; (ii) Another strategy is to cluster MPCs over different
WSS regions. However, this prevents the dynamic modeling of
the cluster evolutions over different WSS regions. Therefore,
in this paper we focus on the dynamic modeling of MPCs,
instead of clusters, which has sufficient accuracy of analysis
(as shown in the later model validation) and reflects reality.
B. MPC Tracking
To capture the dynamic evolutions of MPCs within their
lifetimes, a MPC tracking is performed based on MPC distance
(MCD) [33]. MCD is a measure to quantify the distance
between MPCs. A small value of MCD means that two MPCs
are similar to each other. This can be used to track MPC and
estimate its lifetime.
For two arbitrary MPCs l1 and l2, with consecutive indices
of WSS windows, the MPCs’ information can be expressed as
l1 2 Ls : [ a1(ts); 1(ts); 1(ts) ]
l2 2 Ls+1 : [ a2(ts+1); 2(ts+1); 2(ts+1) ] ; (7)
where () means that term () is averaged within each WSS
region. To improve accuracy, the MCD estimation is revised
by introducing a heuristic normalized amplitude factor, as
MCD =
 
1
amax
 a1(ts)a2(ts+1)

!

q
kMCDAOAk2 +MCD2 ;
(8)
where vector-valued MCD of AOA is expressed as
MCDAOA =
1
2


0@ sin(1(ts)) cos(1(ts))sin(1(ts)) sin(1(ts))
cos(1(ts))
1A
 
0@ sin(2(ts+1)) cos(2(ts+1))sin(2(ts+1)) sin(2(ts+1))
cos(2(ts+1))
1A
;
(9)
and kMCDAOAk represents length of the vector. Elevation
angles 1(ts) = 2(ts+1) = 90 degrees. MCD of delay is as
MCD =
std
(max)
2 
1(ts)  2(ts+1) ; (10)
where
max = max (l) min (l)
amax =
max (al)
min (al)
; l 2 (Ls [ Ls+1) ; (11)
and std is a standard deviation of the delays for l 2
(Ls [ Ls+1); jj denotes absolute value.
A specified threshold  is used to measure the similarity
between two MPCs, and to perform tracking. Our tracking
algorithm is similar to the spirit of [20], and is based on a
two-way-matching, described as follows:
1) Calculating MCD between any MPC within Ls and
any MPC within Ls+1, and obtain a MCD matrix D with
dimension N(ts)N(ts+1).
2) If conditions
Du;v  
u = argminu(Du2N(ts);v)
v = argminv(Du;v2N(ts+1))
; (12)
are satisfied, the uth MPC at time ts and the vth MPC at time
ts+1 are considered to be the same MPC. To match them, a
unique MPC-ID is assigned to them.
3) Examining all other MPCs between time ts and ts+1,
and matching all MPCs according to (12).
4) Calculating MCD between any MPC within Ls+1 and
any MPC within Ls+2, and repeating steps (1) and (2). If the
wth MPC at time ts+2 is found to match vth MPC at time
ts+1, the wth MPC (at time ts+2) inherits the MPC-ID from
the vth MPC (at time ts+1); and so forth.
5) Repeating above steps for the times after ts+2, and
doing matching in every two consecutive indices of WSS time
windows. Assigning MPC-IDs for all MPCs.
Above tracking algorithm starts from s = 1. By grouping
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Fig. 2. Example plot in suburban. (a) Detected MPCs (in dB) on delay domain. (b) MPC tracking on delay domain. (c) Detected MPCs (in dB) on azimuth
domain. (d) MPC tracking on azimuth domain. In (b) and (d), MPCs with a lifetime of less than 6 WSS windows are not plotted for clarity.
MPCs with identical MPC-IDs, we obtain lifetime and evo-
lutions of each MPC. In this paper, we set  = 0:5, which
is validated by visual inspection to have reasonable tracking
results, and is also suggested by [20]. Before performing MPC
tracking, all the identified MPCs are normalized against the
LOS component6, so that the changes of Tx-Rx distance due
to traffics in measurements do not affect model parameters.
Fig. 2 shows an example plot of MPC tracking in suburban.
In Fig. 2(b) and (d), results of MPC tracking are marked with
linear least-square (LS) regression curves, and the tracking
of LOS component (with 0 ns excess delay and 0 degree
azimuth) is not presented. Note that for clarity, MPCs with
a lifetime of less than 6 WSS windows7 are not plotted in
Fig. 2(b) and (d). However, all the MPCs (with long and
short lifetimes) are considered in the dynamic modeling (as
detailed in the following section). From Fig. 2 we can see
that only those MPCs with similar evolutions on both angular
and delay domains are grouped, and our tracking algorithm
generally leads to reasonable results. It is also noteworthy
that the evolutions of MPCs on angular and delay domains
are independent. Furthermore, the track of evolution (i.e., the
slope of the LS fit curves) is generally independent of angle
and delay. This follows the physical insight that the scatterers
are randomly distributed in the dynamic V2V channels.
V. MODEL PARAMETERS
A. WSS Region
As mentioned in Section III a WSS time window W
should be defined so that channel parameters can be sta-
tistically modeled. In this paper, we use correlation matrix
distance (CMD) [34] to determine the size of WSS region8,
which is useful to evaluate whether the spatial structure of the
6The normalization leads to 0 dB power, 0 ns delay, and 0 degree azimuth
for LOS component.
7The definition of WSS windows is given in Section V.A.
8Note that we use the term WSS regions not in its mathematical-statistical
meaning but to express that the statistics of channel are similar enough
compared to statistics of the neighboring channel such that the statistics can
be approximately considered to be WSS.
channel have changed in a significant way. Details of CMD
implementation can be found in [8]. The time-variant WSS
time window is defined as the maximum period over which
CMD remains below a certain threshold cth. In this paper, cth
is set at 0.2, which was suggested by [35] for V2V channels.
Table I summarizes the estimated W in each environment.
It is found that underground parking has the smallest WSS
region of 0.95 s, which is mostly due to the tunnel-like
structure with the richest scatterers; whereas in suburban with
less scatterers, W increases to 1.52 s. In the following,
channel parameters are first estimated within each WSS time
window W , and then statistically modeled.
B. MPC Lifetime
If one MPC is first observed at the s0th WSS region and
is last observed at the s00th WSS region (where s0  s00), its
lifetime T is given by
T = W s = W  (s00   s0 + 1) : (13)
Instead of modeling T , we model integer s so that we can fit
data to Poisson distribution for comparison. When modeling
s, the LOS component is not considered. Fig. 3(a) shows the
probability density function (PDF) fit to the measurements.
The Poisson, Gamma, Exponential, and truncated Gaussian
distributions are plotted for comparison. It is found that the
truncated Gaussian distribution fits well to the measurements.
Note that due to the poor fit of the Exponential distribution, we
do not use Markov process to model the dynamic evolutions.
This is because assumption of Markov process implies that
MPC’ lifetime follows the Exponential distribution [12], [13].
Finally, we model s as a truncated Gaussian distribution9
bounded within [1; smax], with mean value s and standard
deviation s, where smax is the maximum s observed in
measurements. Parameters of distributions of s are estimated
using a nonlinear LS regression method and summarized in
9It is found that MPC lifetime is independent of the mean values of MPC
delay and AOA within its lifetime.
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TABLE I
DYNAMIC MODEL PARAMETERS
Parameter Suburban Urban Underground Parking
W [s] 1.52 1.15 0.95
smax 49 48 29
s 1 1 1
s 10.5 13.0 6.8
p11 1.30 1.81 2.39
p12 7.70 3.05 3.10
p21 1.22 1.48 1.61
p22 9.76 9.12 2.82
 (degree) 46.9 76.2 104.1
a;bp [ns] 91.67 91.67 66.67
q1 -0.19 -0.19 -0.30
q2 -0.008 -0.009 -0.005
q3 -12.80 -12.93 -13.54
k;(k>0) 9.05 8.09 2.89
k;(k<0) -5.16 -6.94 -2.53
k;(k>0) 5.19 6.00 17.58
k;(k<0) -3.46 -7.54 -9.77
ka;(ka>0;k>0) 0.060 0.060 0.018
ka;(ka<0;k>0) -0.045 -0.063 -0.051
ka;(ka>0;k<0) 0.027 0.042 -0.068
ka;(ka<0;k<0) -0.035 -0.041 -0.031
ka;(ka>0;k=0) 0.009 0.049 0.016
ka;(ka<0;k=0) -0.006 -0.004 -0.014
m;bp [ns] 16 8 8
m1 3.31 1.20 1.06
m2 0.53 0.30 0.35
Table I. It is found that the results of suburban and urban are
generally close to each other, which means both scenarios lead
to similar lifetime characteristics. The underground parking
has the smallest smax and s. This implies that MPCs in
underground parking generally have a short lifetime, which is
mainly due to the tunnel-like structure with rich scatterers.
C. Distribution of Number of Newly Observed MPCs
Recall Eq. (3), the total number of MPCs N(ts00) at time
ts00 is determined by the number of new MPCs N(ts00!s00)
and the number of old MPCs N(ts0!s00), where 0 < s0  s00.
Since N(ts0!s00) is determined by N(ts0) MPCs at time ts0
and their lifetimes, we only need to model the number of new
MPCs in each time instant to simulate the dynamic model.
After tracking each MPC in the measurements, we can
identify the number of newly observed MPCs in each WSS
window. It is found that PDF f1 of the newly observed MPCs
can be well modeled by the Gamma distribution, given by
f1(x; p11; p12) =
xp11 1  exp ( x=p12)
(p12p11)   (p11) ; (14)
where p11 and p12 are model parameters which can be
estimated using the nonlinear LS regression method;  ()
is the Gamma function. Fig. 3(b) shows the LS fit for the
measurements, and results of Poisson distribution (which is
widely used to express the probability of a given number of
events occurring in a fixed interval of time and/or space) are
plotted for comparison. It is found that the Gamma distribution
indicates a reasonable fit to the measurements. Parameters p11
and p12 are summarized in Table I.
D. Joint Distribution of Newly Observed MPCs’ Position
It has been widely assumed that the statistics for delay and
angle of MPCs are independent in spatial-temporal channel
model [36]. In order to test this assumption in V2V channels,
scatter plot is shown in Fig. 4(a). It is found that there is no
significant correlation between AOA and excess delay. There
are MPCs present at nearly all delays and angles, especially
for the MPCs with an excess delay less than 400 ns (which
have relatively strong power). This is not surprising since
in the V2V channels with dynamic and randomly distributed
scatterers, there is no reason to expect large or small excess
delay for the scatterer from a certain AOA. Based on this
evidence, and for the sake of simplicity, we assume that AOAs
and excess delays are independent.
We focus on the position distribution of new MPCs, because
the position of old MPCs can be modeled by the MPC vari-
ation model within lifetime (as reported later), together with
initial position when those old MPCs were firstly generated.
Finally, the joint PDF of new MPC’s position is modeled as
f2(; ) = f2; ()  f2;(); (15)
where f2; () is PDF of MPC excess delay, given by the
Gamma PDF
f2; ( = y  ; p21; p22) = y
p21 1  exp ( y=p22)
(p22p21)   (p21) ; (16)
where parameters p21 and p22 are estimated using the non-
linear LS regression method;  denotes delay difference be-
tween two continuous delay bins. Here we use a transformation
 = y  to represent MPC position with delay bin number
y (which is integer) instead of delay  . This enables us to
fit the data of f2; (y) to Poisson distribution for comparison;
f2;() is AOA PDF, given by the zero-mean Gaussian PDF
f2;() =
1

p
2
exp
 
  
2
22
!
; (17)
where  is standard deviation. Fig. 3(c) and (d) show that the
Gamma and zero-mean Gaussian distributions indicate reason-
able fits to f2; (y) and f2;(), respectively. Parameters p21,
p22, and  are summarized in Table I, where underground
parking leads to the largest .
E. Initial Power of MPC
Considering the lth MPC that is first observed at the s0th
WSS region and is last observed at the s00th WSS region (as
in Section V.B), the initial information is given by
l : [ al(ts0); l(ts0); l(ts0) ]: (18)
Evolution of MPC within its lifetime can thus be modeled as
a function of its lifetime index s (s0  s  s00) and its initial
information [ al(ts0); l(ts0); l(ts0) ]. In this subsection, we
model al(ts0).
Fig. 4(b) shows scatter plot of normalized MPC power
against azimuth. It is found that the normalized MPC power is
generally independent on MPC azimuth. There are MPCs with
high powers present at nearly all angles. Therefore, we model
al(ts0) as a function of excess delay. To have a good fit to
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Fig. 3. PDF fits to measurements. Left to right: suburban, urban, and underground parking environments.
the measurements and a small degree of freedom (i.e., a small
number of model parameters) in LS fit, al(ts0) is modeled in
dB scale and a dual slope model is adopted, expressed as
20log10

al(ts0)

=

q1   [ns]; 0   < a;bp
q2   [ns] + q3; a;bp    700 ns ;
(19)
where a;bp denotes breakpoint. Parameters q1, q2, and q3 are
estimated using the linear LS regression. Note that since we
have more samples in measurements with small delays, a direct
LS fit over all samples will result in putting a large weight on
the samples with small delays. Therefore, we first generate
equally-spaced bins of delays with an interval of  . Then
we calculate the mean power in each equally-spaced delay bin.
Finally, we do an LS regression fit using those mean power
over equally-spaced delays to get the model. Fig. 4(c) shows
LS fit to the measurements in suburban as an example, where
it is found that the dual slope model offers a reasonable fit.
Results of q1, q2, q3, and bp for all three environments are
summarized in Table I.
F. MPC Evolution over Consecutive Stationarity Regions
Following the idea of Section V.E, we model variations of
amplitude, delay, and azimuth of each MPC within its lifetime
but over different WSS regions. Here we distinguish MPCs
with long and short lifetimes, expressed as
s = s00   s0 + 1 :
  6; long lifetime
< 6; short lifetime
: (20)
The threshold 6 is heuristic, since a visual inspection shows
that those MPCs with s < 6 fail to fit to a linear function
(which is later used to model MPC evolutions) statistically.
For MPCs with short lifetimes, amplitude, delay, and az-
imuth are considered to be constant (to avoid poor LS regres-
sion fit) within their lifetimes, expressed as
al(ts) = al(ts0)
l(ts) = l(ts0)
l(ts) = l(ts0)
; (21)
where s0  s  s00. Instead of averaging MPC behaviors in
terms of amplitude, delay, and azimuth over their lifetimes,
here we use initial information as the model for the MPCs
with short lifetimes. This is because when generating MPCs
with short lifetimes using the results in Section V.D and V.E,
the initial information of MPCs are assigned. MPCs should
not change according to our assumption that the MPCs with
short lifetimes have constant amplitude, delay, and azimuth.
For MPCs with long lifetimes (s  6), the delay and
azimuth are modeled using linear polynomial functions, as
l(ts) = l(ts0) + k (s  s0 + 1)
l(ts) = l(ts0) + k(s  s0 + 1) ; (22)
where parameters ka, k , and k can be estimated using the
linear LS regression. Note that the linear polynomial model
of l(ts) and l(ts) has also been suggested by [12], [13].
In our measurements, k is independent of k, and they are
both independent of angle and delay, as shown in Fig. 2. This
means that within a particular MPC’s lifetime, both k and k
can be positive, or negative, or 0, with equal probability. We
thus model evolution of MPCs on angular and delay domains
as independent events with equal probability, expressed as
Pr(k > 0) = Pr(k < 0) = Pr(k = 0) = 1=3
Pr(k > 0) = Pr(k < 0) = Pr(k = 0) = 1=3
; (23)
where Pr () denotes probability. For each of above cas-
es, mean values of the estimated k and k are record-
ed, and we use terms
 
k;(k>0); k;(k<0); k;(k=0)

and 
k;(k>0); k;(k<0); k;(k=0)

to represent the values for
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Fig. 4. (a) Scatter plot of azimuth vs excess delay using all the measurements. (b) Scatter plot of power vs azimuth using all the measurements. Powers are
normalized so that the power of LOS component equals to 0 dB. (c) Scatter plot and dual slope model of normalized power vs excess delay in suburban. (d)
Scatter plot of Nakagami m-parameter vs excess delay in suburban.
above cases, respectively. Results are summarized in Table I.
Note that k;(k=0) = k;(k=0) = 0.
For the model of al(ts) within MPC’s lifetime, we still use
the linear polynomial function to model al(ts) and ignore the
power variation against the linear fit, which is found to have
sufficient accuracy. The model is expressed as
al(ts) = al(ts0) + ka(s  s0 + 1): (24)
As discussed before, amplitude does not depend on AOA,
therefore ka is considered to be independent of k. Meanwhile,
for different behaviors of k , ka is found to be either positive
or negative10 with equal probability. Therefore, the evolution
of MPC power within lifetime, i.e., ka, is also modeled as an
equal-probability variable, expressed as
Pr(ka > 0; k > 0) = Pr(ka < 0; k > 0)
= Pr(ka > 0; k < 0) = Pr(ka < 0; k < 0)
= Pr(ka > 0; k = 0) = Pr(ka < 0; k = 0) = 1=6
:
(25)
For each of above cases, mean value of the estimated ka is
recorded, and represented as
ka;(ka>0;k>0) ka;(ka<0;k>0) ka;(ka>0;k<0)
ka;(ka<0;k<0) ka;(ka>0;k=0) ka;(ka<0;k=0)

;
which are summarized in Table I. Note that in our measure-
ments, the case ka = 0 does not happen.
Summarizing, the evolutions of MPCs’ amplitude, delay,
and azimuth within their lifetimes are considered to be events
of equal probability. For each event, the variations are modeled
as linear functions of their lifetime index. Note that we do not
consider those movements of MPCs with more complicated
tracks, such as the MPC’s delay first increases and then
10Note that this phenomenon follows the physical insight of dynamic V2V
channels. In the movement of a certain scatterer, e.g., a compact car, when
it comes closer to Rx, reflected MPC would have a shorter delay. However,
if propagation link between this car and Rx is blocked by other vehicles, a
stronger shadowing might be caused when the car comes closer to Rx and a
reduced power can be observed.
deceases with WSS region index, where a breakpoint model
may have better fit. This is because: (i) in our measurements
those complicated movements of MPCs rarely occur, or are
not distinct; (ii) the automatic tracking algorithm fails to track
the complicated movements; and (iii) modeling the compli-
cated tracks would significantly increase model complexity.
Therefore, we use the linear polynomial model for simplicity.
G. MPC Fading Behavior
To characterize fading behavior for a certain MPC
[ al(ts); l(ts); l(ts) ] within a WSS region, which was
extracted from Ph(ts; s; s), we first extract MPCs with
the same information of [ l(ts); l(ts) ] from all the other
instantaneous directional channel impulse response11 within
the s-th WSS region. After removing the mean value of the
amplitudes of the extracted instantaneous MPCs within each
WSS region, the small-scale fading distribution of al(ts) can
be characterized within each WSS region.
We use the Akaike Information Criteria (AIC) [37] together
with a Kolmogorov-Smirnov (KS) test with a 95% confidence
interval to select the small-scale fading distribution, and we
consider four widely used distributions: Ricean, Rayleigh,
Nakagami, and Weibull distributions. Details of AIC and KS
implementations can be found in [38]. Finally, the Nakagami
distribution (which has the highest best fit rate of over 85%)
is suggested to model the fading distribution of MPCs.
A model of Nakagami shape factor m [38] is proposed to
characterize the small-scale fading. Similar to the previous
discussion, m is considered to be independent of . Fig. 4(d)
shows the scatter plot of m against excess delay in suburban
as an example, where the estimated m’s are averaged within
each excess delay bin as in Section V.E. It is found that m
is very high for small delay bins, and it drops below 0.6
after 16 ns. Similar phenomena are observed in urban and
11The instantaneous directional channel impulse responses are derived using
W in Eq. (5), instead of using the WSS region-averaged R in Eq. (6).
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Fig. 5. Comparisons in suburban environment. (a) Measured PDPs. (b) Simulated PDPs. (c) Measured PAPs. (d) Simulated PAPs.
underground parking environments. We thus model m as a
piecewise constant model, expressed as
m =

m1;  < m;bp
m2;   m;bp ; (26)
where m;bp is breakpoint; m1 and m2 are mean values of m
within the regions before and after breakpoint, respectively.
Results are summarized in Table I. It is found that for MPCs
with large delays, fading is “worse than Rayleigh” (withm2 <
1). It is also noteworthy that m is generally large in suburban
due to the less scatterers, and the underground parking leads to
a “close to Rayleigh” fading for the MPCs with small delays.
H. Discussion
Several observations in above results are worth noting:
 The model parameters between suburban and urban are
relatively close to each other, which can be found from
the values of s, p21, p22, q, k , and k. We conjecture
that this is caused by the similar distribution of scatterers
- though urban has richer scatterers, the density does
not strongly affect the distribution of scatterers on delay
domain and its lifetime and power behaviors, i.e., the
model parameters of Eqs. (13), (16), (19), and (22).
However, the MPC number (p11 and p12) and fading
behavior (m) are different in these two scenarios.
 Compared with the open environments of suburban and
urban, the excess delay of MPC in underground parking is
relatively small due to its close tunnel-like structure, e.g.,
the mean p21  p22 of Gamma variable in Eq. (16) is the
smallest in the underground parking scenario. However,
the MPC with small delay has higher power according
to Eq. (19), therefore the MPC delay spread is generally
large in the underground parking, which is presented later
by both measurement and model simulation.
 In suburban and urban, the path length of MPC generally
has a larger range compared to the underground parking.
Therefore, MPC changes faster on delay domain in its
evolution for the suburban and urban scenarios, which is
reflected by a larger absolute value of k . However, as
the scatterers are closer to Tx and Rx in the tunnel-like
underground parking and are generally distributed over
all angles,  and the absolute value of k are larger in
the underground parking scenario.
VI. MODEL IMPLEMENTATION AND VALIDATION
A. Implementation
We summarize model implementation steps as follows:
1) We first set initial MPC number and total number of
simulated WSS regions. Lifetime, position, and power of each
MPC are initialized using the results in Sections V.B, V.D, and
V.E. After initialization, we drop the MPCs with power 20 dB
lower than the max. power.
2) In the second WSS region, the old MPCs’ lifetimes
are first checked to determine whether they are going to be
erased or kept. For those remaining MPCs, we categorize
them into two groups: MPCs with long and short lifetimes.
For the MPCs with short lifetimes, they inherit their initial
amplitude, delay, and azimuth in the second WSS region. For
the MPCs with long lifetimes, we update amplitude, delay, and
azimuth using the results in Section V.F: To determine k, we
generate a random variable, which could be [1, 2, 3] with equal
probability. Each value corresponds to one possible event of
k in (23). We thus update azimuth of MPC using obtained k
and the model of (22). To determine ka and k , we generate a
random variable, which could be [1, 2, 3, 4, 5, 6] with equal
probability. Each value corresponds to one possible event of
ka and k in (25). We thus update amplitude and delay of
MPC using obtained ka and k and the model of (24).
3) Then we generate number N2 of new MPCs in the second
WSS region, using the results in Section V.C. If N2 > 0, we
initialize lifetime, position, and power of the N2 new MPCs.
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Fig. 6. Comparisons of rms and rms between simulated and measured channels. Left to right: suburban, urban, and underground parking. rms = 1
indicates that signal arrives at Rx uniformly spread over all directions, whereas rms = 0 implies that signal arrives from a single direction.
Finally, we drop the MPCs with power 20 dB lower than the
max. power.
4) By repeating steps 2 and 3, we can simulate channels in
consecutive WSS regions using the results in Table I.
Above simulated impulse responses are normalized against
LOS component. Tx-Rx distance can be set as required to
reflect Tx and Rx movements, and a model of LOS compo-
nent can refer to two-ray model [39]. In each WSS region,
the small-scale fading can be simulated by generating Nss
Nakagami-distributed variables using Section V.G. The mean
amplitude of Nakagami-distributed variables is set to be the
generated amplitude using steps above.
B. Validation
With the proposed model, we can generate the angular-
delay spectrum ~Ph(ts; ; ) for the s-th WSS region. For
comparison, the generated impulse response is integrated over
azimuth and delay, respectively, to get power delay profile
(PDP) P and power azimuth profile (PAP) A, given by
P(ts; ) =
P

~Ph(ts; ; )
A(ts; ) =
P

~Ph(ts; ; )
: (27)
To simulate PDPs, the generated channel impulse responses
are filtered using a sinc filter (to have the same bandwidth as
in the measurements). The simulated PAPs are filtered using
the Bartlett beamformer as in Section IV.A to estimate the
corresponding spatial spectrum.
We generate impulse responses for 100 consecutive WSS
regions in suburban. Initial MPC number is set to be 7
according to measurements. Fig. 5 shows the measured and
simulated PDPs and PAPs in suburban. Since the comparison
is performed between statistical realizations, the agreement
can be evaluated only qualitatively. It is observed that the
measured and simulated PDPs and PAPs do agree in that sense.
Regarding the complexity of the model, we found that the
total running time of generating impulse responses for one
WSS region is around 0.0045 s (in Matlab 2012, with 4GB
RAM computer), which shows that the model has very low
complexity of simulation. The most time-consuming part is
to generate a random variable to determine MPC evolution
behavior (as in Section V.F), which takes 38% of the total
running time. However, it is found that calculating the channel
transfer functions from the set of plane waves takes longer
time (around 0.05 s for each snapshot) compared with channel
generation, and a method in [40] can be used to reduce the
running time of channel transfer function calculations.
To further validate the model, two second-order statistics,
the root-mean-square (RMS) delay spread rms and azimuth
direction spread rms [41], are used. Fig. 6 shows the cu-
mulative distribution function (CDF) comparisons of rms
and rms between simulated and measured channels, where
the simulation is fairly close to the measurements. We use
a two-sample t-test with the significant level of 5% [42]
to evaluate the agreement of simulation with measurements
in Fig. 6, and it is found that the t-test never rejects the
null hypothesis in all cases, which validates the model. Note
that there are some differences between the simulated and
measured results of rms in suburban, where the simulated
CDFs tend to be slightly narrower than the measured ones.
A possible explanation is that the simulated CDFs may be
partially affected by the model error of  in Eq. (17). Again,
we find the overall performance of the model satisfactory
accordingly to the t-test.
VII. CONCLUSION
In this paper, a dynamic wideband directional model is
proposed for time-variant V2V channels. The model is de-
veloped in V2V suburban, urban, and underground parking
environments based on a large set of measurements at 5.3 GHz.
By incorporating both angular and delay domain properties as
well as dynamic behaviors of MPC’s evolutions, the model is
capable of handling time-variant V2V scenarios with dynamic
scatterers. The PDFs of the number of MPCs, lifetime, and
position are fitted to the best theoretical distributions. A delay-
based model is proposed to describe MPC’s power, and a linear
polynomial function is used to model the variations of MPC’s
behaviors within its lifetime. Fading behavior of MPC is char-
acterized by the Nakagami distribution and variation of the m-
parameter over delay is modeled. The model implementation
is detailed and, finally, the model is validated by comparing
key statistics of simulations with measurements. The proposed
model shows insight into the dynamic behaviors of MPCs in
V2V environments, and provides a realistic simulation model
for performance evaluation of wireless vehicular networks.
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